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ABSTRACT 
Occupants’ presence and activity schedules directly 
influence residential energy consumption loads. Regardless 
of their widely acknowledged importance, developing proper 
representative occupancy inputs for urban energy use studies 
of residential neighborhoods remains to be a challenge to 
overcome. The presented work aims to balance between 
accuracy and complexity of such occupancy models by 
developing a technique that takes advantage of a previously 
proposed sophisticated method for schedule generation and 
attempts to refine and simplify its results for practicality 
purposes. 
Here, we used a Markov chain transition probability matrix 
based on the American Time-Use Survey (ATUS) database 
and selectively refined its outputs according to the data 
collected from our own designated population of study. The 
resulting refined schedules were incorporated into the Urban 
Modeling Interface (umi) interface and were then tested on 
our pilot case study, a relatively low-income dense 
neighborhood in the Midwestern United States composed of 
272 residential buildings. An initial investigation of this 
technique’s performance suggests that while the use of the 
ATUS based model provided a high level of variability and 
sophistication, the customization step ensured that the 
resulting schedules are representative of our population and 
its characteristics. More importantly, we were able to 
maintain simplicity and practicality. 
Author Keywords 
Urban Building Energy Simulation, Occupancy Schedules, 
Markov Chain, Time-Use Data.  
ACM Classification Keywords 
I.6.5 SIMULATION AND MODELING; 1.6.5 MODEL 
DEVELOPMENT 
1 INTRODUCTION 
According to the 2018 Annual Energy Outlook [13], the 
building sector (both residential and commercial) accounted 
for more than 27% of total U.S. delivered energy in 2017. 
Unfortunately, projections for the future are not decreasing 
and are in fact predicted to be growing by about 0.3% per 
year. As a consequence, energy use in buildings has become 
a growing concern of both the public and professionals in the 
field [14]. However, a key concept that historically had been 
neglected for too long is that “Buildings don't use energy: 
people do” [7]. It is now an established fact that whether one 
is concerned with studying the current state of energy use in 
buildings or is proposing energy saving measures for 
improvement, an understanding of occupancy behavior and 
its implications for energy use is vital [8]. Some researchers 
even go as far as suggesting that residential demand profiles 
are for the most part shaped by their corresponding 
occupancy patterns. For instance, the Tyndall Center’s report 
on microgrids (2005) states that ‘‘electricity load profile 
depends mainly on the household size and occupancy 
pattern.’’ [1] 
Hence, in the recent years, there has been an increase in the 
body of literature concerned with energy-related occupant 
behavior in buildings [14]. As a result, today almost all 
energy modelling and simulation software tools use some 
sort of data linked to occupant behavior and treat it as a 
defining factor in their calculations of yearly profiles for 
heating, cooling, lighting ventilation and even plug loads. 
The most common form of this data is known as ‘‘diversity 
profiles,’’ which is a schematic occupant presence profile of 
a space or thermal zone over a given period of time. Such 
profiles intend to reproduce the real occupancy of the space 
in order to accurately estimate the impact of peoples’ 
presence and activity levels on energy load demand 
calculations of buildings [2]. 
These profiles usually consist of a combination of weekday 
and weekend schedules for the particular type of building 
(for instance residential or commercial) in discussion. 
Software users are often given the choice of using the 
predefined generic schedules in the simulation tool’s default 
library or defining their own profiles instead. While the 
second option is meant to give the user flexibility and higher 
precision, the reality is that high quality occupancy data in 
all its stochastic variety is scarce, and often times, the user is 
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left with no choice but to use the predefined generic 
schedules. Given that occupancy is understood to have a 
considerable influence on internal loads, ventilation 
requirements and thus building energy consumption [15]; the 
use of such generic schedules in energy models results in 
large gaps between the predicted and actual energy use of 
buildings [10].  
Accordingly, with the global aim of enhancing simulation 
approaches and increasing energy efficiency in buildings, 
multiple efforts have been made to generate high-resolution 
occupancy schedules and use them as a substitute for generic 
predefined universal schedules. For instance, some newer 
models utilize Time-Use Survey (TUS) dataset to produce 
realistic occupancy data. A TUS is a large survey of how 
people use their time and includes detailed 24-hour diaries, 
completed at predefined intervals by many thousands of 
participants. The TUS data includes the location of the 
participants at each time step in the diary, and can thus be 
used to identify the number of active occupants in a building. 
A fine example of such efforts is the Markov chain transition 
probability matrix that Richardson et al. (2008) have 
developed based on the UK’s 2000 TUS data [12].  
If we were to put all the occupancy behavioral models on a 
spectrum of accuracy, previously discussed generic and 
simplified occupancy schedules would land on one end,  
while TUS based models would probably land on the 
opposing end of the spectrum. However, the latter models’ 
accuracy and precision, comes at the not so cheap price of 
them being overwhelming, complicated and in 
uncompromising need for a high-resolution database of large 
magnitude. All of this means that such techniques are still far 
from being practical enough to become part of the common 
practice. Moreover, since TUS surveys are often conducted 
on a national level, such models can only represent the 
typical lifestyle in the same scale and are hence in need of 
serious revision if their intended use is for a specific 
population with unique characteristics, which is the case in 
this study. The unique characteristics of our population will 
be discussed in the following sections of this manuscript. 
When faced with this wide range of occupancy behavioral 
models and considering the shortcomings of each type, the 
question that arises with every choice is that of efficiency. It 
should not come as surprising that all users hope to use high-
resolution and accurate data as the input to their energy use 
models. Acquiring such data is now possible with the use of 
sophisticated methods, such as the one discussed above. 
However, maintaining practicality and thus simplicity is also 
crucial, especially if efficiency is desired. Given that 
simplicity and accuracy often go in opposite directions, the 
main task ahead is that of finding the balance between these 
two opposing factors somewhere on this wide spectrum of 
occupancy behavioral models. 
In the following sections, the researchers will propose a 
conscious strategy to find this point of balance. Our goal is 
to propose a technique that is simplified (and hence practical) 
without jeopardizing its accuracy and precision in terms of 
predicting occupant presence profiles and all their 
stochasticity. We then follow on by testing the performance 
of our proposed technique in a pilot case study, the Capitol 
East neighborhood in Des Moines, Iowa, USA (population 
217,521) with the help of Urban Modeling Interface (umi) 
[11]. 
2 CASE STUDY AND DATA COLLECTION 
This study focuses on the use of occupancy presence 
schedules in the energy use simulation of a predominantly 
residential neighborhood in Des Moines, Iowa. The Capitol 
East neighborhood, which is the pilot study area for this 
urban energy simulation is located just east of the State of 
Iowa Capitol complex, near downtown Des Moines. Capitol 
East community is primarily low income, and their 
settlement pattern in this neighborhood is quite compact 
when compared with other parts of the city [6]. 
The main reference for this study is a survey that has been 
conducted by the Sustainable Cities Research Group at Iowa 
State University [5] in this neighborhood to understand how 
residents make energy related decisions around their houses 
and make use of HVAC and lighting systems. The survey has 
been sent to about 1,000 household addresses in three Des 
Moines neighborhoods (i.e., Capitol East, Capitol Park, and 
MLK Jr Park). Although the sample size seems reasonably 
large, the response rate for this survey, calculated as the 
Figure 1. Top view of the neighborhood model in the umi 
environment. 
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number of completed forms divided by the eligible sample 
size, was only 6.3%. This is surprisingly low, given the fact 
that this survey was purposefully designed to be simple, 
straight forward and quick. Moreover, this rather low 
response rate further emphasizes the importance of finding a 
technique that requires a smaller database as its input, and it 
is clear that acquiring enough data for building a customized 
TUS based model from scratch is time consuming, expensive 
and in short, impossible for smaller projects like this. 
3 SCHEDULE DEVELOPMENT 
3.1 Developing Schedules Based on ATUS 
In the previous sections, we mentioned that our intention was 
to refine and customize the results of a previously proposed 
Markov chain transition probability matrix. Hence, this 
section is an adaptation of the work done by Richardson et 
al. (2008) in their widely acknowledge paper “A high-
resolution domestic building occupancy model for energy 
demand simulations” [12]. The main difference between the 
two studies is in that Richardson et al.’s method was applied 
to the British TUS database, while we followed their 
guidelines to generate occupancy presence schedules based 
on the ATUS database instead. 
To that end, we classified the ATUS database into different 
groups based on the respondents’ household size and then 
divided each one of those groups into two different 
subgroups: diaries filled in weekdays and those that were 
captured in weekends. For each one of our subgroups, two 
inputs were required to make the Markov chain transition 
probability matrix:  
- Input 1: The probability that a respondent 
belonging to that group was present in the house at 
00:00 (midnight); 
- Input 2: A matrix that included probabilities of 
their presence state changing in every time step 
(here each time step is 10 minutes) 
The first input was calculated as the number of present 
respondents in each subgroup divided by the total number of 
respondents in that subgroup. For instance, of all the 816 
diaries filled by people coming from three-person 
households in the weekend days, 43 of them indicated 0 as 
their state at 00:00, while the other 773 were actually present 
in their homes at midnight. Accordingly, the chance of a 
respondent from a three-person household being present in 
the house at 00:00 in a weekend night was set to be 95% 
(773/816=0.95). This means that the chance for someone 
from that same subgroup not being present in the house at 
that time was set to be 5% (43/816=0.05) only. 
As for the second input, first all of the diaries were divided 
into a sequence of ten minute time steps. This extra step was 
unavoidable, because unlike the British TUS database, 
ATUS is not filled in predefined regulated time steps. 
Instead, a diary input in ATUS starts with an activity and 
ends when the respondent is done with that specific activity. 
Following that classification step, a state of 0 or 1 was 
allocated to each diary entry according to the respondents 
availability at their house in that specific time step. A state 
of 0 stands for “not present” while a state equal to 1 has the 
connotation that the respondent is indeed “present”. 
Then, in every subgroup, the chance of a state changing or 
remaining the same was calculated by defining the following 
variables for each one of the 144 defined time steps (6 time 
steps per hour in 24-hour diaries): 
𝑇𝑇"" 	=
#	of	cases	where	start	state	&	end	state	are	both = 	0
#	of	cases	where	start	state = 0	
 
𝑇𝑇"5 	=
#	of	cases	where	start	state	is = 0	&	end	state	is = 1
#	of	cases	where	start	state	is = 0
 
𝑇𝑇5" 	=
#	of	cases	where	start	state	is = 1	&	end	state	is = 0
#	of	cases	where	start	state	is = 1
 
𝑇𝑇55 	=
#	of	cases	where	start	state	&	end	state	are	both = 	1
#	of	cases	where	start	state	is = 1	
 
Equations 1-4. Probability inputs to be used in the transition 
probability matrix. 
For instance, if we go back to the three-person household 
weekend subgroup example discussed before, of all the 43 
respondents absent in the house at 00:00, 3 of them reported 
that they were present in their houses at 00:10. This means 
that T01 for this subgroup was 6% (3/73=0.06) and therefore 
their T00 at this time step was equal to 94%. 
These sets of calculations were repeated for all the subgroups 
and then organized into a transition probability matrix. 
Finally, a start state (0 or 1) was chosen randomly, taking the 
probability distribution (the first input) derived from the 
ATUS dataset into account. Subsequent states in the Markov 
chain were then determined by using the randomly defined 
Figure 2. A schematic diagram of the original method. 
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start state with the appropriate transition probability matrix 
(the second input). As a result, our chain was able to produce 
occupancy presence schedules based on the type of the day 
(weekend or weekday) and household size (Figure 2). 
In our selected pilot case study, average household size is 
determined to be about 2.5 people [6]. Hence, we used our 
chain to generate occupancy presence profiles for three-
person households in both weekdays and weekend days. 
These generated profiles were then refined and customized 
to represent our population’s distinctive characteristics. 
3.2 The Refinement Process 
To refine the schedules generated by the last step, we needed 
to have occupancy data specific to our population. The only 
source of data available in this regard was our own energy 
use survey results discussed in previous sections. Hence, we 
decided to use it as the basis for this refinement procedure, 
regardless of its low response rate. 
In our survey, one question (and its corresponding answers) 
is particularly relevant to occupancy profiles and thus of 
interest for the research project at hand. The aforementioned 
question was: 
“Question 1: In an average week: 
a. What percent of your Monday-Friday daytime hours 
is spend at home? 
b. What percent of your Monday-Friday evening hours 
is spend at home? 
c. What percent of your weekend daytime hours is 
spend at home? 
d. What percent of your weekend evening hours is 
spend at home?” 
Responses to this question (questions 1) were shown to be 
diverse, covering a range of all the possible values between 
0% and 100%. Therefore, making one typical aggregated 
schedule with the help of an arithmetic average of the 
reported percentile numbers would have sacrificed this 
witnessed diversity in behavior among the residents. 
Accordingly, what we needed here was a number of reliable 
and representative common schedules generated by a 
clustering/classification method and not a single schedule 
generated by averaging all the answers. Our initial concept 
for this clustering step was to find the link between the 
respondents’ answers to this question and some of their 
general characteristics as reflected in other parts of the 
survey. These characteristics, which included respondents’ 
ages, genders, economic activities and education levels, were 
addressed with the following questions in our survey: 
“Question 2: What is your gender? 
1 = Male 
2 = Female 
3 = Other, Non-binary” 
Question 3: What is your age category? 
1 = 18-30 
2 = 31-40 
3 = 41-50 
4 = 51-60 
5 = 61-70 
6 = 71-80 
7 = 81 or older 
Question 4: What is the highest degree or level of 
school you have completed? 
1 = Did not complete High School 
2 = High School or equivalent (GED) 
3 = Some College, no degree 
4 = Trade/Technical/Vocational training 
5 = Associate degree (2-year) 
6 = Bachelors degree (4-year)  
7 = Masters degree 
8 = Professional or Doctorate degree 
Question 5: What is your current employment  
status? 
1 = Employed for wages 
2 = Self-employed 
3 = Unemployed and looking for work 
4 = Unemployed but not looking for work 
5 = Homemaker 
6 = Student 
7 = Military 
8 = Retired” 
9 = Unable to work” 
Figure 3. A schematic diagram of the refinement process. 
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As can be seen here, these questions (questions 2-5) were all 
of a multiple-choice nature and finding any type of link 
between these answers and that of the presence rate question 
(question 1) would have facilitated this desired clustering. 
However, none of the general characteristics addressed by 
the questions above (questions 2-5) seemed appropriate and 
relevant in terms of explaining the differences between 
presence rates on its own. In other words, we were not able 
to identify a simple direct correlation between any of the 
respondents’ pre-clustered groups (as defined by questions 
2-5) and their answers to the presence rate question (question 
1). For instance, Figure 4 shows the relationship between 
daytime presence rates against employment and education 
levels for the sake of comparison. As can be seen here, no 
direct link can be detected between these factors and 
presence rates. This holds true for all other presence rates 
when compared with respondent characteristics. 
 
 
Figure 4. Correlation between weekday daytime presence rates 
and select respondents’ characteristics. 
Accordingly, we decided to cluster our data into 
concentrated homogeneous groups based on the presence 
rate values, without taking into account other respondent 
characteristics. The defined criteria for clustering in this step 
were set on the basis of maintaining group consistency, while 
keeping the number of groups limited. This was deemed 
necessary for keeping the overall accuracy and precision of 
the technique. Our proposed clustering criteria for this 
dataset were: 
- Maximum group value range cannot exceed thirty 
percentage points. 
- Maximum difference between two consecutive values 
in the same group should not go beyond ten percentage 
points. 
- A presence rate value is always in the group with which 
it has the smallest difference. 
- When a presence rate value can go in either the upper 
or lower group closest to its value, it should be assigned 
to the group that has the smallest range. 
- The number of groups is limited to six. 
Note that these thresholds are arbitrary criteria to create a 
practical number of homogeneous and concentrated groups 
and can be modified and adjusted according to the collected 
data for different projects.  
 
Figure 5. Clustering survey responses into schedule groups based 
on predefined arbitrary criteria for weekdays daytime period. 
Following this procedure, the collected data from the 
neighborhood survey was clustered into different groups 
depending on day type (weekday or weekend day) and time 
period (daytime or nighttime). For instance, Figure 5 above 
shows an example of this clustering step for our weekday 
schedules during the daytime period.  
This step resulted in 6 weekday and 4 weekend schedule 
types. Table 1 summarizes the characteristics of each of these 
ten daily schedules. 
Type Name 
Presence Rate (%) Probability 
(%) Daytime Nighttime 
Weekday 
(WD) 
D1 
17.5 
44.1 12.5 
D2 72.0 12.5 
D3 96.5 7.5 
D4 47.8 44.1 12.5 
D5 75.4 96.5 27.5 
D6 96.4 96.5 27.5 
Weekend 
(WE) 
D1 49.0 46.6 26.3 
D2 
71.7 
72.3 23.8 
D3 98.1 18.5 
D4 96.0 98.1 31.5 
Table 1. Clustered day schedule types and their characteristics. 
All ten of these day schedule types now need to be translated 
into hourly presence rate values, which is the format that 
most software tools, including umi, use as their data input for 
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occupancy schedules. This is where the schedules generated 
based on ATUS in the last section will be utilized. 
The following procedure describes the refinement process 
applied to the ATUS generated schedules: 
- First, for ease of use all the desired presence rates 
introduced in Table 1 were rounded up to their closest 
multiple of five. Now, each one of the desired day type 
schedules is recognized by two variables: daytime presence 
rate and nighttime presence rate. If these two were to be 
translated into hourly values, daytime presence rate would be 
of a dynamic nature, while nighttime presence rates would 
probably be static in most cases. This is due to the fact that 
daytime is usually a vibrant period of time for a household 
where changes in the hourly presence rates are expected, 
while the nighttime period is considered to be of a more 
stable nature. Therefore, we decided to use the ATUS 
generated schedules and refine them for the daytime period 
and use appropriate constant values for all hourly rates that 
fall into the nighttime period. 
- To find matches for these desired daytime period presence 
rates defined in the last step, we first generated 100 ATUS 
based occupancy profiles for weekday schedules and another 
100 for weekend schedules of a three-person household. This 
was done with the help of the Markov chain transition 
probability matrix described in the previous section. Then, 
these were arranged in terms of their calculated daytime 
presence percentages. To find appropriate matches for our 
desired presence rates, we used the following criteria: 
“IF (desired presence rate – 5%) ≤ desired daytime 
presence rate < (desired presence rate + 5%) 
THEN average all” 
The logic behind this extra step was to avoid using a rare 
occurrence of a specific schedule and receive a more 
common profile instead. This was necessary, since each one 
of our type schedules was meant to represent the common 
occupancy profile of its group and not an individual’s. 
Accordingly, 10 day presence profiles were developed to 
match our needs. It is worthy to note here that this method 
does not work for daytime presence rates smaller than 5% or 
larger than 95%. This should not come as a surprise, given 
the fact that such low/high presence rates hardly allow room 
for any changes in their corresponding hourly presence 
values. Therefore, when such presence rates were desired, 
the hourly rates were set as constants equal to the overall 
mean daytime presence rate instead. Figure 6 showcases 
these 10 occupancy schedule profiles. 
Since we had 6 weekday and 4 weekend schedules types, we 
were able to define 24 week schedule types by considering 
all the possible combinations. As a result, for every 
construction template introduced in the model, 24 building 
templates were defined in the umi template library interface 
[3] and then, randomly assigned to the residential buildings 
in our neighborhood with the help of a script developed in 
the Grasshopper environment [4]. The probability 
distribution appointed to this script was set to match the 
number of cases in our survey that represented a specific 
schedule (as represented in the last column of Table 1). The 
only other variable define in this script was a seed point, 
which allowed us to test the performance of our technique. 
These evaluation efforts will be discussed in the following 
section. 
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Figure 6 (a-j). Developed schedules for day occupancy profiles. 
4 RESULTS AND DISCUSSION 
To test the performance of our refined probabilistic 
occupancy schedules generated with the method described 
above, three models of the study neighborhood were 
simulated in the umi environment. These three models all 
shared the same geometry and material inputs but were 
assigned different occupancy schedules. This assignment of 
occupancy schedules was based on a single probability 
distribution model with the seed (in the randomizing script 
in Grasshopper) changing for each run. 
Overall, the results of these energy simulation runs were very 
close in terms of both their total yearly energy consumption 
values and the composition of their operational energies. As 
can be seen in Figure 7 below, total operational energy loads 
for each of these models are almost equal in all cases. While 
equipment, lighting and domestic hot water loads are shown 
to be not directly impacted by the occupancy schedule 
changes; of all other load components calculated by the umi 
software, none of them have witnessed a change from their 
arithmetic mean that is equal to or higher than 1.25%. 
Therefore, energy load composition also remains the same 
and hardly changes among different models. This suggests 
that the randomization process has been successful in 
creating a homogeneous distribution of the generated 
schedules based on their assigned probabilities. 
 
Figure 7. A comparison between the changes from the mean. 
In another validation effort, we compared the arithmetic 
mean of the results of the three models discussed above, 
which were randomly assigned, with a model that uses umi’s 
default schedules as its input. This analogy showed that the 
total energy consumption of our refined model is down by 
nearly 9% in comparison. This translates into a 19 kWh/m2 
gap between the two models (Figure 8). Therefore, since we 
believe our model is representative of the sample’s behavior, 
this rather simple but crucial adjustment had been a big step 
towards bridging the gap between simulation results and 
actual energy use of residential buildings in existing urban 
neighborhoods.  This finding also has the connotation that if 
those predefined schedules had been used instead, our 
predictions would have been far off from reality. 
Finally, it has been suggested before that there are three 
major dimensions of model resolution: (1) temporal, (2) 
spatial, and (3) occupancy [9]. Comparing our presented 
model against these evaluation criteria, it can be seen that we 
were able to maintain a relatively high level of temporal, 
spatial and state resolution for generating our occupancy 
profiles without jeopardizing the overall simplicity and 
practicality of the model. 
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Figure 8. Total energy consumption comparison (normalized 
kWh/m²). 
5 CONCLUSION AND FUTURE WORK  
This paper describes a technique to develop occupancy 
schedules for residential neighborhoods based on their 
unique behavioral and demographic characteristics. Our 
primary goal was to balance between accuracy and 
complexity of occupancy data. This was achieved by taking 
advantage of a sophisticated Markov chain transition 
probability model based on the ATUS and refining its 
outputs according to the project specific collected data. An 
initial investigation of the developed technique in a pilot case 
study showed a 9% reduction in annual energy consumption 
of an urban residential neighborhood, when compared to 
using the selected software’s default occupancy schedules. 
Since our schedules are developed to be representative of our 
sample’s behavioral pattern, one may consider this effort as 
a step towards bridging the gap between the predicted and 
actual energy use of urban models. Current limitations of the 
proposed technique are related to the missing validation with 
actual metered energy consumption data. Future studies can 
use aggregated energy use data per zip code provided by the 
utilities companies to address this shortcoming. At last, the 
developed methodology and resulting preliminary data can 
serve as communication tools for community outreach and 
become the basis for developing more relevant neighborhood 
specific retrofit strategies in the future. 
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